We study the market for apps on Facebook, the dominant social networking platform, and make use of a rule change by Facebook by which highly engaging apps were rewarded with further opportunities to engage users. The rule change led to new applications with significantly higher user ratings being developed. Moreover, user ratings became more important drivers of app success. Other drivers of app success are also affected by the rule change; sheer network size became a less important driver for app success, update frequency benefitted apps more in staying successful, and active users of Facebook apps declined less rapidly with age. Our results show that social media channels do not necessarily have to be managed through hard exclusion of participants, but can also be steered through "softer" changes in reward and incentive systems.
Introduction
The way firms interact with their consumers has changed significantly with the advent of social media channels. In particular, communication channels based on links among consumers, e.g. word-of-mouth or (active or automated) recommendations are supported through use of social media. In the empirical context of Facebook in-site applications (or apps), we study how firms and users transform their behavior in response to a change in the effectiveness of social media channels. More specifically, Facebook started rewarding apps that engage users more by enabling them to send out more notifications. Based on this change, we ask the following questions: i) Will developers start publishing apps with higher user ratings? ii) Will app ratings become a more important driver for app success? iii)
Are other drivers of app success affected by the change in the effectiveness of social media channels?
This study is closely linked to the literature on word-of-mouth. Most of the current literature on wordof-mouth deals with the causal identification of peer effects 1 -among others by exploiting the structure of the underlying network (e.g. Bramoullé et al. 2009) or by using (field) experimental designs (e.g. Aral and Walker 2011). We investigate how changing the effectiveness of social media channels changes the behavior of firms and users. Our work is related to Aral and Walker (2011) , who compare the effectiveness of active-personalized invitations and passive-broadcast notifications. In contrast to comparing the relative effectiveness of different communication channels however, we study the effects of changes in the effectiveness of communication channels in general. Given the significant effect of social media channels (Aral and Walker 2011) , providers of these channels have to find the right balance between spam-like information overload and allowing enough information being sent out to attract and retain users. A further tradeoff exists between giving new channel participants an initial chance and rewarding established participants who already successfully engage users.
The increased importance of social media is reflected by a growing body of literature on this topic. For example, Susarla et al. (2012a Susarla et al. ( , 2012b examine interdependencies between network structure and the diffusion of user-generated content as well as word-of-mouth cascades on YouTube. Tucker (2011) uses a similar identification strategy to ours and analyzes how a change in Facebook's privacy rules affected the effectiveness of personalized advertising. Other papers using Facebook as their empirical setting deal with the impact of social influence on advertising success (Bakshy et al. 2012) , the impact of Facebook communities on transactions away from the original site (Goh et al. 2012) , or with the role of social networks in hiring decisions (Acquisti and Fong 2012) .
We study the early stages of the app market for Facebook, the largest social network on the Internet and a platform provider for add-on programs. The market for Facebook apps was highly dynamic in the early stages, but suffered from a flood of low-quality apps, which was detrimental to user experience.
Facebook undertook a number of changes in reaction to this. Hence, we ask if a change in the rules in February 2008 by which Facebook apps could attract and engage users changed developers' incentives to design engaging apps and ultimately more successful apps.
Managing a platform has the goal of maximizing its monetization opportunities. As revenues for platform owners are often generated through advertising or transaction-based charges, managing active user engagement (which in turn increases advertising effectiveness) is often at the core of platform management. This may be done through non-price instruments imposing rules and constraints, creating incentives and shaping demand and supply behavior (Boudreau and Hagiu 2009 ). Hagiu (2011) identifies a quality/quantity tradeoff, since both higher quality and quantity are attractive to consumers, but higher quality presents an entry barrier to complementary goods providers, thus reducing quantity.
Relatedly, Casadesus-Masanell and Halaburda (2011) argue that platform owners may limit the number of apps on a platform to realize larger benefits from app-level direct network effects. We contribute to this literature by showing that platforms can be managed through "soft" quality incentives and hard exclusion of low-quality participants may not be necessary. 2 We also argue and demonstrate empirically that a change in "soft" incentives changes other drivers of app success.
We observe the usage of Facebook apps between September 2007 and June 2008. 3 On Facebook, the amount of information an app can send out to users critically influences an app's success. In February 2008, Facebook implemented a rule change regarding the amount of notifications apps could send out:
before February 2008, all apps could send out the same amount of messages per user, while thereafter the amount of notifications permitted was determined by how frequently these messages were clicked on, a useful proxy for an app's ability to attract and retain users. This increased incentives for producing highly engaging apps and punished apps that sent out information deemed useless or even annoying by users. To isolate the effects of this change, we focus on a twenty-week time window around the change.
We use this change (assumed to be endogenous to the platform operator but exogenous for app developers) to analyze how potential drivers of app success changed in response. This natural experiment-like change in the effectiveness of social media channels therefore allows for a similar identification as for field experiments (Aral and Walker 2011 , Goldfarb and Tucker 2011 , Animesh et al. 2011 , Tucker and Zhang 2011 , Tucker 2011 .
We use a rich, longitudinal data set on 7,784 Facebook apps. This setting is useful for our purposes for several reasons. First, we have data on apps soon after the launch of the platform, which lets us examine the dynamics of a nascent and dynamic market. Second, our complete listing of apps on the platform avoids selection and survivor biases. Third, Facebook is one of the largest and most successful platforms for apps, making it relevant for the entire industry.
2 Evaluating quality of platform participants and excluding low-quality apps is costly and prone to error. Circumstantial evidence for this is given by regular debates revolving around apps rejected on Apple's market for iOS apps. Conversely, not imposing any quality restrictions may lead to a flooding of low-quality apps as observed in the 1983 Atari shock (Coughlan 2004) . 3 The app platform was opened in May 2007.
We observe a strong increase in users' ratings of apps once the rule change is implemented, which lends strong support for the intuition that the rule increased developers' incentives to develop more engaging applications. In a second step, we analyze how app success, measured as the number of an app's active users, is influenced by the rule change. Estimating fixed-effect OLS models we find that app rating matters more for the number of active users after the change, in line with Facebook's stated goals of the change. Conversely, we find that the rule change led to the number of installations becoming less important for app success. The frequency with which apps are updated (a proxy for the degree to which an app is managed and maintained) gains in importance as a driver for app success. Further, while the number of active users declines as apps become older the decline is less severe after the rule change, which implies that the intervention was successful in keeping adopters engaged for longer.
Facebook

Apps on Facebook
Facebook is the largest social networking website (other examples are Google+ or LinkedIn). Consumers use social networking services to interact with friends, family members, and increasingly business partners. Core components include personal mini-homepages with which a user creates a digital representation of him-/herself (Boyd and Ellison 2007) components. In May 2008, one year after the platform launched, more than 30,000 apps had been developed, with more than 900 million installations in total.
Entry of app developers
Facebook does not control the market for third-party apps. To generate indirect network effects however, platform providers like Facebook want to encourage a wide variety of apps and experimentation in parallel (Church and Gandal 2000, Boudreau et al. 2008) . Hence, Facebook provides developers with a set of tools that decrease development costs and lower entry barriers. This triggers high entry rates both from de-novo entrants as well as from developers with multiple apps. It also affects both users' experience and developers' incentives. On the one hand, a large variety of apps presents opportunities for consumers to discover and adopt apps (Oestreicher-Singer and Sundararajan 2006, Hervas-Drane 2010) . On the other hand, high rates of entry could result in particularly fierce competition, which in turn would diminish profits and incentives around the platform (Boudreau 2008) .
Facebook encouraged wide entry by developers. The company offered strategic subsidies to third-party developers (Shapiro and Varian 1998) by providing open and well-documented app programming interfaces, multiple development languages, free test facilities, as well as support for developers through developer forums and conferences. Facebook also imposes minimal requirements for apps to be listed in the official directory and it does not "police" or discourage developers imitating or producing "copy-cats" of existing apps.
Adoption and usage of apps
Having a large variety of apps has consequences for consumers' product search and adoption. On Facebook, app discovery, adoption and usage depends strongly on a user's social context, encouraging developers to build apps designed to intensify social interactions (Boudreau and Hagiu 2009) . Users are passively influenced through the visibility of usage patterns such as reviews, ratings or matching mechanisms (Oestreicher-Singer and Sundararajan 2006, Hervas-Drane 2010) . Active forms of social influence take the form of recommendations which are conveyed directly via predominantly digital or online word-of-mouth processes (Katz and Lazarsfeld 1955) . IS and Marketing scholars have examined the conditions under which consumers are likely to rely on others' opinions in their purchase decisions, the motives for people to spread the word about a product, and the variation in strength of influence people have on their peers in word-of-mouth communications (Dellarocas 2003 , Phelps et al. 2005 , Bampo et al. 2008 , Agarwal et al. 2009 ). It is widely accepted that in such contexts bandwagon processes-positive feedback loops where adoption decisions by some increase incentives or pressures to adopt for others-are common (Katz and Shapiro 1985 , 1986 , Abrahamson and Rosenkopf 1993 .
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In Facebook's case, the vast majority of installations take place through direct recommendation (wordof-mouth) and automated notifications by Facebook (Ermecke et al. 2009) 7 . That is, in contrast to other platforms where users actively enter "app stores" and search for particular apps or specific functionalities, Facebook apps are predominantly installed in response to receiving a direct recommendation or a notification. This difference matters as the spread and ultimately the success of apps strongly depends on the effectiveness of social media channels. Alternative marketing channels play a much less important role in our setting.
Facebook's rule change
Facebook users adopt apps through two main channels. First, users of an app can directly invite friends who are not currently users of the app (invites). Second, Facebook users get regular updates on friends'
6 Another feature relates to the costs that users incur in installing and using apps. Due to the dominant business model of indirect monetization, the vast majority of apps are free to use. Also, due to technical and design features, users can install and use multiple apps in parallel, thus "multi-home" (Rochet and Tirole 2003) . activities from the built-in "News Feed". These updates are messages sent by apps to the news feed and signal a friend's activity in this particular app (notifications). notifications and fewer notifications that they are likely to ignore or consider spam" (Figure 1 ). Further, they "hope this change incentivizes developers to improve the quality of their notifications".
We want to understand how this rule change affected Facebook's market for apps. Did the rule change lead to the expected increased quality levels of apps? And was increased quality from then on a more effective driver of app usage? Finally, how were other drivers of app usage affected by the rule change?
8 To the best of our knowledge based on the official announcements of Facebook to its developers. 9 I.e. in week 7 of 2008.
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This same change was also implemented later this week for requests and invites. (http://developers.facebook.com/blog/post/83/, accessed July 23, 2012). As notifications also have an inherent invite-role as they not only retain but also attract new users, we do not distinguish in this paper between notifications and invitations but just treat notifications as a general term for communication flowing through the social media channel that can attract new users and retain existing ones.
What could have motivated Facebook to initiate these changes? If app quality had always been Facebook's main goal it would be surprising to see no "hard" quality vetting process at the start of the app market and if that was not feasible: Facebook initially did not even have a rule rewarding (notification and/or app) quality directly, but rather sheer size by fixing the number of notifications per user per day. While we cannot infer Facebook's aims (apart from the ones stated in the announcement) with certainty, the strategic subsidies to developers and the ease of getting apps listed suggests that inviting entry may have been on top of Facebook's agenda in the early stages of the apps market. This was reinforced through highly publicized success stories which created a gold rush among developers.
For example, the music app iLike grew to several million users within days.
11 Within weeks, several thousand app developers had signed up for access credentials to the platform and had started to launch a wide variety of apps. For users, the myriad apps launched early on helped "educate" them about installing add-on apps to make the service fresh and exciting. Users learned quickly. Through invites and a flood of notifications in their news feed, the vast majority of users had installed at least one app within weeks. Many users installed dozens of apps at the same time (multi-homing is comparatively costless here), sometimes even several with largely identical functionality (e.g. within the first month there were several enhanced "walls" that allowed posting and exchanging multi-media items).
After the initial enthusiasm, user sentiment towards apps changed. With a larger installed base of apps and the increasing professionalization of developers in terms of exploiting the opportunities to use the "viral channels", the volume of notifications and invites grew exponentially. Users became annoyed by constant updates about their friend's activities and apps. For both Facebook as the platform operator and the developers this threatened to lead to adverse effects because instead of adopting and using apps, users would start ignoring notifications and requests. Facebook's rule change came precisely during the time when notifications became annoying in the eyes of users. 12 While the change did not increase entry barriers as such (development kits were still free, developers blogs were still supported etc.), it became harder for low-quality apps to succeed because it was difficult to attract a significant number of (active) users through spam-like notifications. Quality, as announced by Facebook itself, was rewarded more directly. Our econometric analysis therefore looks at the actual effects to assess how this rule change affected the dynamics of apps and their usage. did not take a share of "in-app" transaction revenues at first, leaving developers to capitalize on those.
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Facebook's objectives are largely aligned with the objectives of their third-party developers and rely on capitalizing their active user base. Revenues come from selling advertising space to brands, advertisers or Facebook apps that target specific users. Next to each app's canvas page (the space allocated to an app), Facebook can place its own advertising. Consequently, the more users engage with apps, the more page impressions or time Facebook can sell to advertisers. Revenues that can be realized are directly determined by the number of active users of the platform and apps. 14 Thus, growing the platform through apps and keeping existing users active (thereby generating transactions or looking at and clicking on ads) is one of Facebook's most important objectives.
Developers' monetization opportunities predominantly depend on the amount of time users spend on an app site. Hence, developers will want to develop apps that engage users and keep them on the site for longer. Figure 2 presents a causal chain that governs the profitability of an app. i) Developers exert effort to increase app quality as perceived by users (we will discuss the meaning of quality for Facebook apps in the following subsection), ii) apps with higher perceived quality are more successful in engaging users, and iii) more engaged users translate into higher advertising revenue and hence profits.
In our empirical setting, we do not observe the first and last parts of this chain. However, given the quality of an app as perceived by users is likely to depend at least to some extent on a developer's deliberate efforts and that monetization opportunities for any ad-based business model depend strongly on the level of engagement with the base product, observing perceived quality and app success provides us with a meaningful snapshot of the economics of app monetization.
We reiterate our research questions and illustrate how they relate to the process outlined above. Our first question asks for the effect of rewarding user engagement on the app rating by users. This captures the deliberate efforts by developers to design apps that appeal to and engage users. Our second question captures the effect this user rating has on app success as measured by the number of active users, a meaningful proxy for overall user engagement. Our third question then asks if other determinants of user engagement have been affected by the rule change, especially to determine if app rating has increased in importance relative to other potential drivers of user engagement.
In the following subsection, we discuss the two measures we observe as proxies for app quality respectively app success; app rating and the number of active users.
App rating as a proxy for quality
The stated aim of Facebook's rule change was to reward high-quality apps, incentivizing developer efforts to design such apps. Although we do not observe developers' efforts, we do observe the apps' user ratings. Given the monetization chain introduced above, an app will likely be considered highquality by users if it keeps their interest and engagement. Hence, perceived app quality will be closely linked to the ability to engage users and ultimately result in monetization opportunities for developers.
Note that by using app rating as a proxy for quality, we focus on quality from the user's perspective. This implies that this may be due to improved "engineering quality", i.e. a vertical dimension that refers to better programming and technical quality, as well as a horizontal element referring to better matching of app features to a group of users. Important for our purposes is that developers will take actions aimed at increasing user perception of quality (i.e. attractiveness) and consequently user engagement.
Another assumption is that the relevance of notifications is correlated with the extent of user engagement in general. While we do not observe the success rate of notifications directly, our estimations in Section 7 investigate this potential link empirically: Did the rule change (which, in its most narrow interpretation, affects developers' incentives to design engaging notifications) change the number of active users (which measures user engagement and consequently commercial potential)?
Number of active users as a proxy for app success
We study how Facebook's rule change affected app success. Finding the most relevant measure for a free-to-install app is not trivial. is costless) and only active users will notice the advertisements from which the app derives its revenues.
Hence, rather than the total count of installations, we use the number of daily active users as a metric for app success, which ultimately will translate to advertising revenues (unobservable to us).
Drivers of app success
We also study how Facebook's rule change may have affected the drivers of app success (measured by the number of active users) in the market for apps.
App rating
Facebook's press release explicitly states the intention that "this change incentivizes developers to improve the quality of their notifications" and "to reward compelling notifications" (Figure 1 ). That is, notifications and users' app experience are linked both through the new invitation process and the retention effect of in-app notifications. Highly rated apps are more likely to be installed if a user receives an invitation, and they will be used more intensively if the notifications generated are meaningful. The notification process prior to the change introduced noise in this process by letting all apps issue the same number of notifications per user. Post-change, more successful apps could send out more notifications, leading to higher user engagement.
Update Activity
The frequency of updates to an app's "About" page is a choice variable by app developers. As Facebook apps usually have fairly limited functionality that cannot be changed post-introduction, an app can gradually become less attractive for an individual who has already installed the app. However, user interest can be retained if an app's "About" page in the directory is updated regularly. Apps that are actively managed and updated regularly are therefore expected to better retain and engage their customers. Facebook's rule change aimed at improving user experience by making notifications more relevant, and notifications are more likely to be relevant if an app is managed proactively, thus leading to higher user engagement. Note that updates do not trigger a notification to users but can only be observed by the user when using the app again or when visiting the app's "About" page in the directory.
Installed base effects
The installed base of users of an app can proxy for the number of active users through network effects as well as the composition of users at different points in time (Cabral 2006, Grajek and Kretschmer 2009) . If there are app-wide network or peer effects, more installations should result in disproportionately more active users (as engaging with the app becomes more attractive with more users). However, for local network effects, i.e. if an app only becomes more attractive the more friends of a user have installed it, we do not expect a disproportionate effect of an app's (global) installed base on the number of active users. A countervailing mechanism of installed base is that the composition of users changes over time. With heterogeneous adopters and high-intensity users adopting early, the number of active users is expected to increase less than proportionally with a growing installed base (Cabral 2006) . Absent micro-(user-app-level) data, we cannot disentangle these effects empirically, but we can compare their relative strength by observing the net effect (Grajek and Kretschmer 2009) .
How did Facebook's rule change affect the role of installed base on the number of active users? As we observe the net effect of user composition and network effects, the influence on both individual forces will make up the change in the net effect. User composition is unlikely to be affected strongly by the rule change as it affects the supply side (app developers), but not the demand side (app users). In contrast, the rule change reduced the advantage of apps with a large installed base since notifications were not proportional to the number of installations but depended on the relevance of notifications.
App age
App age, i.e. the time since which the app has been launched, also drives the number of active users.
Older apps are expected to be used less intensively as usage follows a fad, i.e. users are only interested in the app for a short time. One goal of Facebook's rule change was to reward more compelling apps, so that we expect apps to engage and retain their users for longer after the rule change.
Portfolio effects
Portfolio effects matter in cultural industries in which artists or developers create several products. For example, Hendricks and Sorensen (2009) find that spillovers between artists' albums exist. Similarly, on
Facebook most developers have a portfolio of (often functionally similar) apps. This may lead to users splitting their time across different apps, or to users developing a taste for a specific developer's apps.
The net effect of belonging to a large portfolio is therefore an empirical question. It is interesting to speculate how Facebook's rule change may have changed the role of belonging to such a portfolio. Postintervention, "new" apps had to attract users by "earning" credit through successful past notifications.
As younger apps had less of a history to fall back on, alternative promotion channels mattered more both in attracting new users and in keeping existing users' interest, so that access to an alternative channel in cross-promotion through developers' app portfolios may become more relevant.
Data
We use a unique dataset from Facebook's public directory of apps which included all apps available on the Facebook platform. 15 All app-specific "About"-pages in this directory have been crawled and parsed daily to extract the variables described below. We obtained records for 18,552 apps, of which 7,784 were active and contained all variables in the 20-week time window around the rule change. The records include data on an app's entry to the platform, its usage by Facebook members, its developer and finally an assignment to certain categories. Further, we computed a number of measures by observing changes made to the directory page as well as from clustering apps by developer name.
Our data is particularly well-suited for our analysis for several reasons. First, we have precise measures for an app's active users. Facebook continuously reports how many users have interacted with the app within the previous 24 hours. It also specifies the number of all users who have installed the app at any given time. Hence, we observe both an app's installed base and the number of active users. Second, the number of active users indicates the potential for economic success, as explained in Section 4.1. Third,
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Facebook's app directory has been suspended in July 2011 (as announced on http://developers.facebook.com/blog/post/523/, accessed July 23, 2012). 16 Facebook's platform for apps was launched on May 24, 2007. our data mitigates selection problems originating from minimum size thresholds or launched, but failed products. Developer entry to the platform is frequent due to low entry barriers. Finally, the dataset includes apps that were successful and apps that never reached a meaningful user base. Since data is recorded from the first day an app appears in the directory, information is available independent of the app's subsequent success. This is rare for studies on Internet-based industries where observing entry is often hard due to poor documentation of the early history of a category or firm. Published accounts on the entities often only appear upon them reaching a "threshold scale" (Eisenmann 2006 (Eisenmann , p. 1193 .
Variable definitions, summary statistics, and pairwise correlations are given in Table 1 to 3.
-------------------------------------------------INSERT TABLES 1-3 HERE -------------------------------------------------
App quality ( )
Users can rate apps on a five-point Likert scale. The variable captures the average user rating of app . We can only construct a time-invariant measure of app rating as Facebook's app directory did not report user ratings before February 2008. Facebook users were informed about an app's rating when installing it through the app directory, but not when installing it through other channels (notifications, invites, ads). As Facebook reported that less than 0.5% of app installations originated from Facebook's app directory and even shut down the app directory because of being so unsuccessful 17 , this measure is basically unobserved by users. This makes it unlikely that the introduction of app ratings is an alternative driver of the observed changes. 17 See http://developers.facebook.com/blog/post/523, accessed July 23, 2012.
App Success
Our measure of an app's success is app 's active user base in week measured as the average number of daily active users. 18 Hence, we observe the number of users of an app's installed base of users that use the app on a given day and form the weekly average. 19 Given the skewness in , we use the variable's logarithm for our regressions.
Rule change
As discussed in Section 3, Facebook changed the rules in how far apps can send out notifications in February 2008. We construct a dummy variable which takes a value of zero before the change (until the sixth week of 2008) and a value of one thereafter.
Update activity
We observe several events on the app's "About" page indicating an update of the underlying app: we check if the name or one of the descriptive elements of an app has changed, if the screenshot was updated, and if the app category has changed. For each point in time, we calculate an app's update intensity as the cumulative number of updates divided by app age ( ).
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Installed base
At the app level, we observe the number of Facebook users that have installed an app on their profile page. As the number of installations of an app is highly skewed, we use the natural logarithm of . 18 The exact way how Facebook measures the number of active users is described in this entry on Facebook's developer blog: http://developers.facebook.com/blog/post/30/ (accessed July 23, 2012). 19 All other time-dependent variables are also observed on a daily basis and then aggregated up to the weekly level. We aggregate data from daily to weekly levels to average out weekday-dependent differences in the number of active users. 20 Calculating update activity by discounting older updates with weekly discount rates of 10% to 30% leads to qualitatively unchanged results (available from the authors).
App age
We measure the age of an app as the weeks since the app has appeared in the app directory for the first time. We use the natural logarithm of to allow for a non-linear decay in usage over time.
Firm portfolio
As developers can release multiple apps, we measure a firm's portfolio in the form of sister apps.
is the number of an app 's sister apps at time .
6. How did the rule change affect app ratings?
Descriptive evidence
Going back to the causal chain introduced in Section 4, we first study whether Facebook's rule change led to increased app ratings. Given that the rule change is considered exogenous for app developers, we can use this quasi-experimental setting to draw some inference from changes in average levels of app rating once the rule change is enacted. Figure 3 plots average quality ratings of Facebook apps against their launch date. 21 We see that apps launched after the rule change (in week 7 of 2008) immediately achieved a significantly higher average rating of around 0.4 points. 22 This is strong suggestive evidence that the rule change resulted in higher app ratings. One might wonder why the changes in rating levels took place immediately after the rule change and did not develop slowly over time. In this stage of the app market, apps were fairly simple and easy to program. This might explain why app quality changed immediately following the rule change although it has only been announced several days earlier.
-------------------------------------------------INSERT FIGURE 3 HERE -------------------------------------------------
21 As app ratings are only observed in cross-section, we cannot observe how the rating of a particular application changes over time. 22 Measured on a five-point Likert scale.
Econometric evidence
Although the rule change came as an exogenous shock to the app developers, part of the observed effect could also be explained by changes in the composition of apps. If the rule change rendered one type of apps with inherently lower ratings unattractive and made app developers move to other types of apps which achieve higher ratings with the same amount of effort, our results could also be driven by these composition effects. To rule out this alternative explanation, we run a simple OLS regression in which we explain the rating of an app by the rule change, but control for the app's category 23 as well as for potential portfolio effects created by sister applications:
Results for this regression are reported in Table 4 . In specification (4-1) we simply include a before/after dummy for the rule change, while we create a set of ten dummies in specification (4-2) to recreate the econometric equivalent to Figure 3 . Coefficients can be directly interpreted as changes in app ratings against the base category of the first week in our sample, e.g. specification (4-1) suggests that the policy change led to apps with 0.346 higher ratings. Both specifications clearly support our initial findings and we thus exclude the alternative explanation of rating levels being changed by changes in app types.
-------------------------------------------------INSERT TABLE 4 HERE -------------------------------------------------
Robustness checks
In a next step we run two sets of additional robustness checks. First, we want to rule out the possibility that our results just pick up an ongoing upward trend in the level of app ratings. If app developers just become better over time in programming apps with high app ratings, our results could pick this up.
Similarly, if old apps systematically command lower ratings due to self-selection for early reviews (Li and Hitt 2008) , this would create an upward time trend as younger apps are rated higher. We run an additional regression in which we include a linear week variable in addition to the dummy capturing the rule change. Results are given in the Appendix (Table A. (Table A .1, specifications A1-2 and A1-3) and show that our results persist over these longer time horizons, albeit weaker.
Distribution of app ratings
We have not yet identified the mechanism leading to our clean result of increased app ratings following the rule change. At least two possible explanations could generate this outcome. First, if the rule change worked as Facebook intended and really "incentivizes developers to improve the quality of their notifications" (Figure 1 ), we would expect a general upward trend across different levels of app ratings.
Second, the result could also be generated by a scenario in which the rule change leads to an increase in entry barriers, which in turn leads to the exclusion of those apps with the lowest quality levels while keeping the quality of all other apps unchanged. We explore this question by analyzing the distribution of app ratings before and after the rule change. The first two bars in Figure 4 plot the percentage of apps in the different rating bins.
-------------------------------------------------INSERT FIGURE 4 HERE -------------------------------------------------
We can see that the share of apps with a rounded rating of 1 to 4 declined and only apps with a rounded rating of 5 increased their share. The fact that not only apps with the lowest ratings lose shares (and the 24 Average ratings are on a continuous scale from 1 to 5. We round average ratings to allocate each app to one of the five bins.
largest relative loss in is for apps with a rounded rating of 2, not 1) lends support to increased quality incentives as the underlying mechanism. We confirm this intuition by running a counterfactual, given in the third bar in Figure 4 . Here, we simulate increased entry barriers by using the population of apps released before the rule change and excluding those apps with the lowest quality until the average quality rating of the population is equal to the average rating level after the rule change. In other words, how would a distribution look like with the same average rating but generated through a process of successively forcing the weakest apps out of the market? Given the stark differences between the resulting hypothetical distribution of app ratings (right bar) and the actual distribution after the rule change (middle bar), we feel the second mechanism is unlikely to drive our result.
In summary, we have gathered strong evidence that the rule change indeed incentivized developers to program apps generating higher app ratings. The results are robust to alternative explanations, including changes in app types, general time trends, and exclusion of low-quality apps.
7. How are the drivers of active users affected by the rule change?
Empirical specification
Turning to the next step in the causal chain, we now examine how app ratings and other drivers of app success were affected by the rule change. To do this, we use a set of fixed-effect regressions and test how the rule change moderated drivers of an app's active user base. Here, app-specific fixed effects control for all time-invariant characteristics that might drive the number of active users. As the app rating measure is time-invariant, it is absorbed by the app-specific fixed-effects and cannot be identified directly. 25 We thus run the following regression:
All time-invariant, app-specific heterogeneity is absorbed by the app fixed-effects . We then include all potential drivers of active users as main effects as well as in interaction terms with the rule change. As noted, the main effect of app ratings is absorbed by the fixed effects. However, the interaction term with the rule change is still identified and lets us answer if app ratings became a more important driver for the number of active users after the rule change. The other interaction terms let us identify the moderating effect of the rule change on the relative importance of the drivers of the active user base.
Another concern relates to other possibly unobserved shocks affecting the platform. If these shocks drive the effectiveness of the identified drivers of active users, the dummy for the rule change could also capture these shocks and not only the actual rule change. To mitigate this possibility as far as possible, we restrict our analysis to a short time period around the rule change. 
Results
We now present results for the moderating effects of the rule change on the drivers of active users. We do not estimate the periods before and after the rule change separately but include a timeframe from ten weeks before until ten weeks after the rule change and identify the moderating effects from interactions with the dummy variable . The first column of Table 5 reports the main effects, while interaction effects are included in the second specification.
The coefficients of the main effects show that the rule change led to an average reduction of active users of 11.7%. In addition, we see that increased update activity is beneficial, that each additional installation of an app leads on average to 0.709 additional active users, and that the number of active users declines over time (app age). The coefficients of the main effects maintain their sign and significance when the interaction terms are added in specification (5-2). The main effect of app rating is absorbed by the fixed effect, but the interaction term with the rule change shows an increased importance of app rating after the rule change. The benefits from higher update frequency increase with the rule change, while the number of an app's users becomes an even stronger negative driver of usage intensity. The coefficient for the interaction of rule change with app age is also positive and significant, which suggests that apps stay attractive for longer. We do not find a significant effect for sister apps.
Robustness checks
We run three checks to assess the robustness of our results. The results are in the Appendix in Table A .2.
First, we include a continuous time trend to again exclude the explanation that we just pick up a general time trend with the rule change dummy. Specification (A2-1) shows no significant effect of adding a continuous time trend and the dummy for the rule change stays nearly identical.
Second, we run a regression including only applications launched before the rule change to make sure that our results are not driven by changed characteristics of newly launched apps. We see in specification (A2-2) that the coefficients for the interaction terms are very similar in size between the full sample (specification (4-2)) and the sample of apps launched before the rule change.
Finally, we restricted our analysis to a short timeframe around the rule change to avoid confounding the effects from the rule change with other contemporaneous trends. We restrict the observation window to five weeks around the rule change in specification (A2-3) and run the regression without restrictions in specification (A2-4). The results with these different set of restrictions still hold. When restricting our observation period to +/-5 weeks around the rule change, the effect of app rating becomes approximately 30% weaker, suggesting that the full effect of the rule change has not yet set in. This suggests that users do not simply observe app rating and use highly rated apps more, but are "drawn in"
gradually by more engaging apps, making the short-term effect weaker than the long-term one.
8. Discussion and conclusion
Interpretation of the results
Our empirical results show that the rule change initiated by Facebook, the platform owner, had a profound impact on the determinants of success in Facebook's app market. All drivers of the active user base were affected in their impact on active user base by Facebook's rule change.
Facebook's move was first and foremost designed to "incentivize developers to improve the quality of their notifications". Given the nature of notifications-a term capturing both invitations for new users (designed to encourage new installations) and activity reports to other existing users (designed to keep engagement high)-notifications are an important part of a user's app experience. The first robust result we find thus confirms Facebook's stated aim of improving perceived app quality. This is visible in Figure   3 , where there is a marked jump in quality ratings for apps released after the change, but also reflected in our subsequent regressions which show that firms deliberately changed their apps to achieve higher app ratings. Our most demanding results control for time-invariant app characteristics in Table 5 . Here, while the coefficient on app rating is not identified (it is absorbed by the app fixed-effect), we find that post-change app rating has a stronger positive impact on app success. Thus, rule change rewarded the apps which successfully kept users engaged through compelling notifications.
The frequency of updates increases the active user base. This supports the intuition that actively managed apps (i.e. frequently updated ones) enjoy higher usage intensity after the rule change as user engagement is rewarded more. This is especially relevant for older apps that were introduced under a regime which did not incentivize high quality greatly. These apps can "catch up" by actively maintaining user interest through updates after the change.
We then consider the net impact of network effects and user composition. As expected, network effects matter less for usage intensity after the change. There are two related explanations for this. First, postrule change it is more difficult for widely installed, but not particularly engaging apps to leverage their sheer size to keep users' interest. That is, if users receive plenty of notifications from a particular app, they may eventually start using the app more since the notifications suggest intense activity. Second, notifications are another mechanism of engaging users. In this case, users are not simply triggered to engage through friends using the app, but also through notifications. Thus, the two substitute for each other to some extent, rendering sheer network size relatively less important.
Another direct implication of the increased quality incentives for apps after the change is the intuition that post-change, apps "age well". That is, the (negative) fad effect is less pronounced after Facebook's intervention. Note that this is relevant even though we control for other factors like update frequency and app rating (and other time-invariant characteristics), so this result indeed suggests that apps decay more slowly as a consequence of the rule change. "Compelling notifications" are one driver of this, a change in the composition of active apps is another.
Finally, we do not find that a developer's app portfolio has a consistent effect on active usage across our specifications in Table 5 and Table A .2.
Our results confirm widespread changes in the success factors and consequently the market structure of the market for Facebook apps. We do not know the precise goals Facebook had in mind when initiating this change, but our results are in line with an incentive to reward high-quality apps and edge lowquality ones out of the market. This may also trigger a concentration towards one dominant app in every genre as higher quality is rewarded with further opportunities to capitalize on it. So while keeping entry barriers low helps keeping up the "long tail" (Anderson 2006) , bandwagon behavior (Dellarocas et al. 2010 , Duan et al. 2009 ) may also lead to a "superstar effect" (Rosen 1981) .
One can only surmise that this should eventually lead to increased monetization opportunities for Facebook, which is supported anecdotally by the fact that Facebook later implemented a change in the way monetary transactions are channeled through the Facebook website (and that lets Facebook keep a share of revenues).
Managerial implications
Our results have a number of implications for practice. First, we find that quality can be incentivized through "soft", i.e. non-excluding rules. This is an alternative to the costly (and error-prone) "quality threshold" rule under which the platform owner exerts direct control over which software appears on the platform through a vetting and quality assessment process. While such an approach may increase the average quality of active apps, it may also be counterproductive in a nascent market in which consumer preferences are not (yet) settled and there may be innovative apps that would fail the established quality criteria. Second, we find that the drivers of app success are contingent on the environment set by the platform owner. This includes the promotion channels available to apps and the opportunity to implement minor technical (or layout) changes after an app's launch.
Limitations and further research
Our study has some limitations and is exploratory in several respects. First, our data is aggregated at the app level. However, it is intuitive to assume that developers' actions reveal their preferences and that the upward shift in quality was a response designed to exploit the new environment. Similarly, Facebook's stated aim of increasing quality and user satisfaction is presumably (and plausibly) related to future (and current) opportunities for monetization for Facebook. Third, we study a particular episode in the evolution of a single, albeit an important, social media platform. We should be careful therefore in extrapolating the results to other platforms and rule changes. Nevertheless, our study offers an appealing look into the various ways in which platform owners can manage their platforms.
In summary, we study the changes in the success factors of Facebook apps following a change in the way apps could send out notifications. Our results suggest that app developers respond to "soft" quality incentives by launching better apps, in line with the goals that Facebook stated when announcing the change in notification rule. This study contributes to the emerging literature on the empirics of platform markets and we hope that it sheds light on the interaction between rules set by the platform owner and market dynamics in complementary goods markets. Note: All observations are restricted to be within ten weeks of the rule change. Notes: Random-effect OLS point estimates with robust standard errors in parentheses. Asterisks denote significance levels (*** p<0.01, ** p<0.05, * p<0.1). Each app is assigned to up to two out of 23 categories (such as photography, dating, or messaging). A constant is included but not reported. All observations are restricted to be within five weeks of the rule change. Asterisks denote significance levels (*** p<0.01, ** p<0.05, * p<0.1). A constant is included but not reported. All observations are restricted to be within ten weeks of the rule change.
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